Abstract-In this paper we performed an analysis of short brain association fibers based on 20 subjects of a high quality HARDI database. Fibers from all the subjects were clustered together in Talairach space. Generic fascicles presents in most of the subjects. For the left hemisphere, we obtained 87 representative fascicles, present in at least 17 of the 20 subjects, twelve of which were found in all the subjects. For the right hemisphere, we found 85 representative fascicles, eleven of which were found in all the subjects.
I. INTRODUCTION
Several segmentation and clustering methods have been used to study the structure and organization of brain white matter (WM), for a better understanding of the connectivity between different gray matter (GM) regions and brain functionality [1] , [2] . The WM nerve fibers are divided into three main tracts according to their connectivity: commissural, projection fascicles and association fascicles. Association fascicles, connecting GM areas of the same cerebral hemisphere, are subdivided into long fibers and short association fibers. The long association fibers are localized in deep white matter and are well known. These fibers are easier to identify because of their bigger size and more compact packaging into bundles, being also able to be identified in dissections. On the other side, short association fibers, which correspond to superficial WM, connect regions of neighbor GM gyri. These fibers have been less studied due to their greater complexity and intersubject variability, and smaller size.
Diffusion MRI (dMRI) is a modality extensively used for the study of brain tissue microstructure, enabling to obtain in vivo and non invasively, an estimation of the trajectory of neural fibers, through brain tractography. Some previous studies on tractography datasets have been based on manual or automatic placement of regions of interest (ROI). In [3] , a non-linear warping of a GM/WM ROI atlas was used to extract the bundles that connect two gyri, and create an atlas of short fibers from 20 subjects. This work was the first in its type, but no further analysis of the fascicles was performed. In [4] , the same method was applied to a HARDI database of 30 subjects [5] , to study the variability of these bundles. Another method used manual positioning of ROIs [6] , for a more detailed analysis of the short fibers of the fronto-parietal region. Another category of methods perform the studies using clustering based on a distance measure * Supported by CONICYT Chile grant, FONDECYT #11121644.
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between fibers. In [7] , an intra-subject clustering, followed by an inter-subject clustering, was applied to 12 subjects of a HARDI database, in order to find corresponding clusters between subjects. Then, a manual labeling of the clusters was performed for the left hemisphere, to create a brain atlas of short association fibers. This strategy is promising, for the study of the structure and the identification of short fibers in multiple subjects, but is confronted with the difficulty of fiber complexity and variability. In this paper, we continue with this idea, for contributing in the answer of interesting neuroscience questions, about how human brain is connected and what are the specific functions of short connections. We used an intersubject clustering applied to 20 subjects of a high quality HARDI database [5] , considering both brain hemispheres, with the goal to identify generic short bundles present in most of the subjects, improving the model of human brain connectivity.
II. MATERIALS AND METHODS

A. Datasets
Twenty subjects of the high quality HARDI database ARCHI [5] , were used for this analysis. Images were acquired on a Tim Trio 3T MRI system with a 12-channel head coil (Siemens, Erlangen). The MRI protocol included the acquisition of a T1-weighted dataset using an MPRAGE sequence (160 slices; 1mm x 1mm x 1mm; TI=900ms; RBW=240Hz/pixel), a B0 fieldmap, and a SS-EPI singleshell HARDI dataset along 60 optimized diffusion directions, b=1500s/mm2, (70 slices; ; 1.7mm x 1.7mm x 1.7mm; FOV 220mm, TE/TR=93/14 ms: FA=90; matrix = 128x128; RBW = 1502 Hz/pixel; echo-spacing ES = 0.75ms; Fourier partial factor= 6/8; GRAPPA = 2).
The data were processed using the BrainVisa/Connectomist-2.0 [8] software. First, artifacts from different sources were corrected (eddy currents, susceptibility effects, noise) and defective sections were removed. Then, the diffusion local model was calculated using analytical Q-ball [9] . Deterministic streamline tractography was applied on a whole brain propagation mask, based on T1-weighted image [10] , using one seed per voxel (at T1 resolution) and a step of 0.1mm. This generated tractography datasets with an average of one million fibers for each subject. The fibers were then processed using a intra-subject "pre-clustering" [11] , to reduce the dimensionality of the data and remove outliers.
B. Preprocessing
The procedure was performed on 20 subjects. As input data we used the "pre-clustered" datasets (without outliers), containing an average of 5,300 clusters of similar fibers, forming compact fascicles [11] . Fiber datasets are composed of a fiber cluster file, where each cluster has a defined label, and a centroid file, containing the centroid of each cluster, tagged with the corresponding cluster label. All the fibers and their respective centroids are shown in Fig. 1 . The cluster label includes the length interval of the cluster fibers and the subject name. The fibers are represented by arrays of the 3D coordinates for each fiber point. These are in the T2 space, while the centroids were normalized to Talairach space using an affine transform, for inter-subject analysis. The analysis was applied to fibers of the left and right hemisphere of the brain, containing an average of 250,000 fibers and 2,400 clusters per hemisphere in each subject. The centroids were sampled by 21 equidistant points.
C. Clustering
To analyze the short WM bundles, the fibers were grouped according to a similarity measure considering fiber proximity and shape, using a hierarchical clustering [12] (see Fig. 2 ). The method is composed of six processing steps.
1) Union of short centroids for the 20 subjects: First, we extracted the short fibers from the pre-clustered data of each subject, keeping only the clusters among 35 and 85 mm. Then, the short centroids of each subject, normalized in Talairach space, were combined in a single fiber file (see Fig. 3 ), keeping labels. This new file was used in the inter-subject clustering.
2) Calculation of the distance between all the centroids:
A distance matrix between each pair of fibers from the input file was generated. This distance (d M E ) was calculated as the maximum of the Euclidean distances between corresponding points of two fibers, as shown in the equation (1):
where a i and b i are the position of the corresponding points of a pair of fibers A and B. To verify that the distance is calculated correctly, it is calculated in the two possible senses (direct and inverse), and then the minimum distance is selected.
3) Calculation of the affinity graph: Then, from the fiber distance matrix, a fiber affinity graph is calculated. The affinity is calculated as shown in the equation (2):
where d ij is the distance between the elements i and j, and σ 2 corresponds to a parameter that defines the similarity scale. The affinity calculation is only performed for fibers having a distance inferior to a defined distance d max , not including in the graph the affinity for fibers with greater distance (assumed zero). This thresholding reduces the size of data and speed up the clustering.
4) Hierarchical Clustering:
Then, a hierarchical clustering of type "average link" was applied to the affinity graph. The clustering generates a hierarchical tree called dendrogram. The processing starts with one cluster per element, which are the leaves of the tree. Then, the algorithm fuses one by one the closer elements or clusters, creating parent nodes ", and forming branches. Finally a top node is obtained, over all the elements. The "average link" type measures the affinity between clusters using the average of the affinity between pairs of elements in each cluster.
5) Partition generation:
The simplest way to generate a partition is to set the number N of clusters and cut the tree in the level that separates it into N branches. The problem is that depending on data, it is not possible to obtain homogeneous clusters. In the case of the tested fibers, with this partition strategy, we obtained clusters of very different sizes. Therefore, the partition was performed according to a maximum distance between pairs of fibers within a cluster. The tree is analyzed from the upper nodes until the maximum distance between the node children is below a threshold dcl max . The fibers under this node are labeled with the same cluster name. A typical value for this distance varies from 10 to 50 mm. When performing the partition, a large number of clusters are obtained. To get more robust and representative results, clusters with a small amount of centroids are discarded. We found that a minimum number of fibers for a representative cluster is a mean of at least two fibers per subject. For inter-subject clustering, the clusters should have elements from most of the subjects, so very small clusters must be discarded.
6) Fascicle extraction:
Finally, the clusters were analyzed with the objective of verifying the number of subjects involved in each cluster. The goal is to identify representative fascicles of the population, existing in all or most of the subjects, that can generate a model of short association fibers. Using this additional criterion, an inter-subject grouping of fibers is obtained, which is labeled with a numeric label for each bundle.
We extracted fiber bundles containing fibers from all the subjects; these bundles correspond to the most representative ones. Also, we extracted clusters with fibers in most of the subjects, these are still representative and allow the identification of a big amount of bundles. Due to inter-subject variability, normalization errors and tractography artifacts, is possible to miss bundles in some subjects. For each result, a final file with the inter-subject centroids was generated, as well as, the cluster and centroid files for each subject, containing the generic bundles with the same labeling for all the subjects. The work was performed using Python scripts and C++ functions for calculations, from Brainvisa/Connectomist-2.0 [8] .
III. RESULTS
The described method was applied to 20 subjects of the HARDI database and for both hemispheres. First, the short fibers were selected, between 35 and 85 mm, leading to around between 900 and 1300 centroids per hemisphere, for a subject. Then, the centroids from all the subjects were fused in the Talairach space. The inter-subject clustering algorithm was applied, with a maximum distance between fibers of a cluster dmax = 30 mm, and minimum of 40 centroids per cluster. For a smaller number of centroids per cluster, too much clusters were found, with a low probability of finding representative fascicles.
The partitions generated for each hemisphere are shown in Fig. 4 . For the left hemisphere a partition of a total of 121 fascicles was obtained. From the total number of fascicles, we considered as representatives those who contained centroids from at least 17 subjects, leading to final number of 87 representative bundles (see Fig. 5 ). These are composed of 12 bundles present in all the subjects (see Fig. 6 ), 21 fascicles present in 19 of 20 subjects, 30 present in 18 of 20 subjects and 24 present in 17 of 20 subjects. In the case of the right hemisphere, the initial partition had 115 fascicles, from which 85 were representative (see Fig. 7 ). There are composed of 11 fascicles present in all subjects (see Fig. 8 ), 27 presents in 19 of 20, 25 present in 18 of 20 and 22 present in 17 of 20 subjects. Fig. 9 shows the different bundles sets for a subject.
IV. DISCUSSION AND CONCLUSION
In this paper we performed a preliminary study of the short association fibers, using an unsupervised method based on an inter-subject hierarchical clustering. The goal is to identify fiber bundles present in most of the subjects, representing the connectivity of the human brain short fibers.
We applied the proposed method to twenty subjects from a high quality HARDI database. For the left hemisphere, we obtained 87 representative fascicles, present in at least 17 of the 20 subjects, twelve of which were found in all the subjects. For the right hemisphere, we found 85 representative fascicles, eleven of which were found in all the subjects. Note that the analysis is completely unsupervised and therefore does not use anatomical information to guide segmentation. Because of this, some of the identified bundles belong to portions of known long bundles; further processing could be applied to remove these bundles. Results show that the generic fascicles present in all the subjects have in general a good similarity across subjects, especially in the shape. A major difference is observed in the size and position of the fascicle. Results are promising, as it was possible, at least visually, to evaluate the similarity of the found bundles across subjects, showing also a very good representativity of the bundles. This is the first work that details this kind of results for more than 12 subjects in both hemispheres. We think that is was possible thank you to the very good quality of the database combined with the careful application of all the processing steps.
Future work will be focused on improving the proposed clustering method, based on the issues raised from the results. It will be necessary, at some final stage, to include anatomical information, but we preferred to use unsupervised clustering on the first stages for data exploration and new superficial WM pattern recognition, for not depending on the quality of anatomical segmentations. Another improvement will be the use of nonlinear registration for subjects normalization, which would lead to better aligned intra-subject centroids, thus facilitating the detection of generic bundles. Furthermore, we plan to apply an inter-hemisphere analysis in order to find fascicles present in both cerebral hemispheres. The main goal of this work is the creation of a SWM model, so the final step will be the application of the method to more subjects and evaluate the reproducibility of the generated atlas. A possible validation of the final algorithm could be its application separately to two sets of data, verifying the similarity between the results for both cases.
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